Appropriate representation is one of the keys to the success of face recognition technologies. In this paper, we present a novel face representation approach based on a reduced 21 set of local histograms based on Local Gabor Binary Patterns (LGBP). In the proposed method, a face image is first represented by the local Gabor binary patterns (LGBP) his-23 tograms which are extracted from the LGBP images. Then, the local LGBP histograms with high separability and low relevance are selected to obtain a dimension-reduced face 25 descriptor. Extensive experimental results demonstrate that the proposed method not only greatly reduces the dimensionality of face representation, but also outperforms the 27 state-of-the-art approaches for face recognition, such as Fisherfaces, and Gabor Fisher Classification (GFC).
Introduction
Face recognition has been one of the most challenging and active research topics in 33 computer vision for several decades due to its scientific values and wide potential applications. Much progress has been made in the last decade.
1,2 However, the gen-
35
eral problem of face recognition remains unsolved, since most of the systems to date can only successfully recognize faces when images are obtained under constrained 37 conditions. Their performance will degrade abruptly when face images are captured under varying lighting conditions, poses, expressions, ages and so on. of varying lighting and aging, its performance is still not satisfactory. Since multiresolution histograms could improve the performance of object 29 classification, 18 meanwhile, Gabor based face representation is robust to illumination variations 6 and efficient to describe local image features. 19 We have proposed
31
combining Gabor wavelets with LBP operator to represent face image to obtain robust feature against facial variations. The combining operator is termed as local
33
Gabor binary patterns (LGBP) 20 operator. In this method, firstly, we obtain the multiresolution images by convolving the face image with multi-scale and multi-35 orientation Gabor filters. Secondly, LBP operator is conducted on the multiresolution images to obtain the LGBP images. Thirdly, local histograms are extracted 37 from the LGBP images and all the local LGBP histograms are concatenated into one histogram to represent the given face image. Experimental results have demon-39 strated that the performance of face recognition with LGBP is superior to both of LBP-based approach 17 and Gabor-based approach.
19

41
However, face representation with LGBP is high dimensional due to the multiple Gabor transformations of LGBP operator. Thus further dimensionality reduction In this paper, we propose to use the mutual information between the features as 5 a criterion for dimensionality reduction to select the effective discriminant feature. Meanwhile, the separability of features is determined by Fisher linear discriminant 7 between the class labels and the features. The approach considers the separability of each local LGBP histogram and the relevance between the local LGBP histograms.
9
By selecting the local LGBP histograms with high separability and low relevance, this approach not only can reduce the dimensionality of face representation with
11
LGBP, but also can bring impressive performance improvement for face recognition. The rest of this paper is organized as follows. Section 2 presents the face rep- 
Local Gabor Binary Patterns for Face Representation and Recognition
19
In this section, we first briefly introduce Gabor wavelets for face representation and LBP operator. Then, we describe the local Gabor binary patterns (LGBP)
21
operator. In the last two subsections, we give face representation and recognition using LGBP. 
Gabor wavelets for face representation
The 2D Gabor wavelets can be defined as follows 21 :
where ν and µ define the scale and orientation of the Gabor wavelets, z = (x, y), · 27 denotes the norm operator, and the wave vector k ν,µ = k ν e iφµ , where k ν = k max /λ ν and φ µ is the orientation parameter, λ is the spacing factor between wavelets in the 29 frequency domain. The Gabor transformation of a face image can be obtained by convolving the 31 face image with the Gabor wavelets. Let f (x, y) be the intensity of a face image, the convolution of f (x, y) with a Gabor wavelet ψ ν,µ (x, y) can be defined as:
where * denotes the convolution operator. considering the result as a binary string. Figure 1 shows an example of the convolution results, i.e. the 40 Gabor "images" 
13
where
Intuitively, the pth bit stands for the order relationship between the center pixel and its pth neighbor. The LBP approach codifies the occurrence of some 17 micro-patterns, such as spot, edge, corner, etc. Figure 3 shows the LBP image of an example face image. 
Local Gabor binary patterns
1
A signal can be decomposed into different frequency sub-bands by applying Gabor transformation. Thus the signals which can not be classified in a certain scale will 3 be distinguished in some other frequencies. Meanwhile, the fine local features of the signal can be extracted by Gabor transformations. In addition, Gabor filter can 5 smooth the noise in signal to some degree. It is a reasonable way to combine Gabor and LBP to improve the performance of LBP for face representation.
7
Given a face image, its features are first extracted by convolving the image with multiple Gabor filters at different scales and orientations. Then, LBP operator is 9 exploited to encode the micro-patterns of the Gabor features. The combining of Gabor and LBP operator is called Local Gabor Binary Pattern (LGBP) operator.
11
Formally, the LGBP operator is defined as:
13
where ψ ν,µ is the Gabor filter, ν and µ are the scale and orientation parameter respectively, as explained in Eq. (1).
15
Thus, by enumerating the 40 Gabor filters (5 scales and 8 orientations), 40 LGBP images can be obtained. Figure 4 shows the visualization of the LGBP 17 images of an input face image. LGBP images of a sample image. 
Face representation with LGBP
Face recognition with LGBP
11
This section presents how LGBP representation is applied to face recognition. Histogram interaction is used to measure the similarity of different histograms. The 
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advantage of histogram intersection is that features occurred in one of the his-1 tograms are neglected. So the influence of the variation in different images of the same subject can be reduced further.
3
The intersection measurement of two histograms 27 can be defined as:
5 where h 1 and h 2 denote histogram and L is the number of histogram bins. Using this measurement, the similarity of two face images represented by LGBP is:
where H 1 and H 2 denote two LGBP histograms. 
An Effective Discriminant Feature Selection
As has mentioned above, though LGBP achieves very impressive recognition rate 11 for face recognition, its representation concatenating a great number of local histograms is relatively too high dimensional from the point of view of both storage and
13
classifier designing. Therefore, in this section, we further propose method of feature selection based on mutual information to reduce the dimensionality of LGBP-based 15 face representation.
Separability analysis based on fisher linear discriminant
17
Previous works show that some facial areas contain more discriminative information than others in terms of distinguishing between subjects.
2 To take advantage of these 19 cues, a weight can be set to each area based on its contribution to classification. In this case, the similarity of two face images represented by weighted LGBP can be 21 defined as: In this study, the weight of each region is learned by Fisher linear discriminant 28 which can achieve the purpose of high separability between different patterns. It 27 is generally believed that the similarities of different images from the same subject are higher than those of from the different subjects. Based on this intuition, we LGBP histograms extracted from two images of one subject). The similarities mean m w,(ν,µ,r) and variance S 2 w,(ν,µ,r) of intra-class Ω w can be defined as:
where H 
where H . Therefore, the weight of each region can be set by Fisher linear discriminant:
The higher value of W ν,µ,r represents the greater class separability of the region.
11
The method is represented as F LGBP.
Feature selection based on mutual information
13
The multi-scale and multi-orientation Gabor transformations lead to high dimensional face representation using LGBP. Moreover, the relevance between the local
15
LGBP histograms also disturbs the performance. To reduce computational burden and improve the performance, effective components for classification should be 17 selected from local LGBP histograms using the feature selection methods. Since mutual information does not need to assume the distribution of the data 19 and overcomes many limitations of feature selection approaches, it has been used widely in feature selection. However, face recognition is a multi-class classification 21 problem and each class has only a few samples. The lack of samples in high dimensional space leads to the difficulty in estimating the sample probability density.
23
But when the multi-class classifier transforms to within-class and between-class (two classes), as described in Sec. 3.1, the density of samples will enhance, and the 25 estimation of probability density will be more accurate. Therefore, we define the importance of feature by considering the separability of regions learned from Fisher 
9
The conditional entropy of X given Y is the average, over y, of the conditional entropy of X given y:
The mutual information between X and Y is defined as:
13
I(X; Y ) = H(X) − H(X|Y ). (15)
Since evaluating mutual information between two scalar variables is feasible 15 through histograms, local LGBP histogram extracted from a region is used to denote its probability. Let f i denote the histogram extracted from a region of an LGBP 17 image and F is a feature set. We define the relevance of different regions as:
, for all k = l.
19
Though the histogram-based mutual information estimation works with two or even three variables, it fails in higher dimensions due to the lack of data in high- ∈ F s and F s can be defined as:
Considering the weight W m and the relevance between features, we define the 27 effectiveness of discriminant feature as:
29
and denote it as FM LGBP. Thus, the similarity of two face images can be calculated as:
The flow chart of the proposed algorithm is shown in Fig. 6 . 
Experiments
The effectiveness of the proposed approach
To verify the effectiveness of the proposed approach, we first test the variation of which consist of 1196 subjects with one image per subject. The probe set contains the unknown individuals, and it is used to test the face recognition algorithm. The 11 FB (facial expression) probe set contains 1195 probe images taken on the same day and under the same illumination conditions as the corresponding gallery images.
13
The fc probe set contains 194 images taken on the same day as the corresponding gallery images, but with a different camera and lighting condition. The duplicate
15
I and duplicate II probe sets contain 722 and 234 duplicate (aging) frontal images in the FERET face database for the gallery images. For classification, a nearest-neighbor classifier is used. The recognition result on 1 FB set is shown in Fig. 8 . From Fig. 8 , we can see that the recognition rate increases with the number 3 of the selected regions (the number of the local LGBP histograms) increasing. Using fewer local LGBP histograms which have higher W * , we could achieve good
Experiments on the FERET face database 1
To validate the proposed approach, we conduct experiments on the FERET face database using the standard FERET evaluation protocol. 29 We compare the per- Fisherfaces, GFC, and the proposed approach, they are all trained on the FERET training set. The experimental results are given in Table 1 .
7
From Table 1 , it can be seen that the proposed FM LGBP method outperforms all the other approaches on all the probe sets. For instance, under different lighting 9 conditions (fc set), FM LGBP has achieved the best performance with recognition rate of 98% against 79%, 82%, 84% and 73% for LBP, best of FERET97, GFC, and 11 Fisherfaces, respectively.
Additionally, the LGBP-based approach also performed better than the oth- 
Experiments on the CAS-PEAL face database
19
To further verify the effectiveness of the proposed approach, we conduct the experiment on the CAS-PEAL face database. The CAS-PEAL face database 31 contains 21 1040 subjects and the protocol of CAS-PEAL face database is the same as to the FERET face database. The training set involves 1200 images of 300 subjects.
23
The gallery contains 1040 subjects with one image per subject. The experiment is conducted on the expression set, which includes different facial expressions and
25
consists of 1570 images of 377 subjects. Figure 9 shows the example images in the CAS-PEAL face database. The experimental results are shown in Table 2 .
27
From the results of Table 2 , it can be seen that FM LGBP also outperforms all the other methods. The result of F LGBP is higher than that of LGBP. So, we can 29 see that not only the separability analysis based on Fisher linear discriminant is effective for classification, but the feature selection based on the relevance and the 1 separability analysis also improve the performance.
Conclusion
3
In this paper, we proposed a novel face recognition approach using the effective LGBP representation. A face image is first described by a concatenated LGBP 
